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ABSTRACT
The focus of this paper is to explore how to promote and encourage
trustworthy behavior between LLM-based agents within a multi-
agent system. The LLM is used by the agents to decide how to
behave or act in a given scenario. This work proposes two novel
methods to achieve the outcome of the desired behavior. The first
is defining rules and consequences in natural language for how
agents should conduct themselves throughout the environment.
The second is a policing agent that will penalize agents for violations
or harms inflicted upon another agent. Using the ARGoS simulator
[20] and LLMmodels available in LM Studio [23], experiments have
been performed to determine the effectiveness of these methods in
a variety of scenarios.

CCS CONCEPTS
• Computing methodologies→Multi-agent systems; Coop-
eration and coordination; Intelligent agents.

KEYWORDS
trust, multi-agent system, rules, consequences, LLM, agentic, AI,
simulation, penalty, policing
ACM Reference Format:
Cory Koster and Maria Gini. 2026. Trust in a Multi-Agent System: Using
Natural Language Rules and a Policing Agent to Encourage Trustworthy
Behavior. In Proc. of the 25th International Conference on Autonomous Agents
and Multiagent Systems (AAMAS 2026), Paphos, Cyprus, May 25 – 29, 2026,
IFAAMAS, 7 pages.

1 INTRODUCTION
Trust in a multi-agent system (MAS) is foundational to ensuring
autonomous agents do not exploit each other, any human actors
in the loop, or act in a self-interested way, but instead collaborate
with the other entities in the system [26] [8]. When agents trust
each other, they are more likely to cooperate on tasks and generally
be less confrontational or adversarial with one another. The chal-
lenge is to determine how to best encourage the agents to operate
honestly, even with transparency, in their actions that foster and
ultimately increase trust between them, and then motivate them
when they choose to violate the trust of others.

Large Language Models (LLMs) provide a convenient way to
implement individual agents in a MAS. There is a vast number of
LLMs available, with some counts over 2.6 million [11] [9]. Each
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LLM can have a wide range of parameters, token and context length
support, or a specialty or fine-tuning, making it particularly effec-
tive at that task, with the model footprints scaling accordingly. It
is not uncommon for an LLM to have a context window of a few
hundred thousand, and newer models support 1 million or more
[5] [9].

LLMs provide a mechanism for agents to be autonomous and,
with the appropriate prompts and contexts, make decisions and
evaluate the trustworthiness of other entities; however, they are
not without limitations, including hallucinations and scaling [25].
Additionally, depending on the size of the context window and
how long sessions are, LLMs can sometimes be limited by a lack of
historical context outside of the immediate situation at hand. This
can potentially reduce the overall effectiveness of LLM decision-
making and make trust-building difficult or ineffective.

2 RELATEDWORK
The domain of trust has continued to advance through the years
with new calculations, trust models, and approaches. From earlier
work by Buhler and Huhns [4], exploring the foundational aspects
of trust, reputation, and interaction of a multi-agent society, to
Falcone and Castelfranchi [7], asking how experiences affect trust
between parties, to Touameur and Harrag [24], breaking down
knowledge-aware approaches that can improve the trust of AI,
and to Yang et al. [15], working on a trust model based on linear
Gaussian and sparse Gaussian processes to evaluate human-robot
interactions. It is clear that trust remains a critical aspect to multi-
agent systems.

There has been a range of work done in the field of trust between
agents. The approach in [14] to manage trust between agents is to
use a type of smart contracts in the form of a blockchain ledger.
Another method to evaluate AI trustworthiness is through fuzzy
logic in MATLAB [1]. Edenhofer et al. [6] recognize the presence
of malicious actors in MAS and present a strategy for agent com-
munication and cooperation to identify those agents.

The focus of this work is not in how to better model trust itself or
to explore how to uniquely evaluate an agent’s trustworthiness, but
rather in how to encourage trusted behavior and decisions of agents
from the start, doing so in a way that is adaptable and portable to
the ever-changing landscape of AI.

3 APPROACH PROPOSED
There are various approaches to calculating trust from another
entity, including blockchain [12] and FIRE+ [18]. The method used
in this paper is the Trust and Reputation model for the Agent-
based Virtual Organizations algorithm (TRAVOS) [21]. The TRA-
VOS approach emphasizes interactions between agents and the
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outcome of those interactions. The more positive and successful
interactions an agent has with another agent, the higher the trust
score between those agents. In contrast, negative or unsuccessful
interactions reduce the trust score.

The research presented in this paper proposes two novel methods
to encourage trust between LLM-based agents in a MAS.

(1) The first is how rules are defined, structured, and provided to
the agents during decision-making. While there have been
efforts made to provide rules for agents, such as the formal
logic approach in [13] or community-agreed upon smart con-
tracts [16], the method outlined here uses natural language
to define rules and expected inter-agent behavior. Rules, and
any consequences for breaking those rules, are defined us-
ing natural language, comprised of at most a few sentences,
and are immutable by the agents. Because the rule is estab-
lished in natural language, the definition can be provided
as an input from a user. The user can simply define rules
and consequences that determine what actions are trustwor-
thy or not for the given environment, thereby making rules
portable and adjustable.
These items are provided to the agent as part of the decision-
making prompt in order to know what the current rules are
when it is making a decision. Rules defined in natural lan-
guage provide a simple and straightforward way to outline
how agents should behave to increase trust. As the agents
are driven by LLMs, they are adept at taking these language-
based rules as inputs and context to the decision-making
process.

(2) The second method is the use of a policing agent that en-
forces penalties when agents break the rules or harm an
agent in some way and are reported by the aggrieved agent.
The policing agent will determine how to penalize the per-
petrating agent, if at all. The policing agent LLM is provided
with the violation and the number of times that entity and its
group have committed infractions. Agents are free to make
their own choices. They are given the active rules, any con-
sequences defined, and the trust score they have in the other
agents and other groups they are interacting with, but the
repercussions of those actions are determined and enforced
by the policing agent.

4 METHODOLOGY
4.1 Setup
In this work, a simulation is used to evaluate the proposed approach
in a multi-agent environment consisting of 20 agents. The ARGoS
Simulator [20] is used as the core of the simulation, with some
enhancements and adaptations made, including LLMs and trust
calculations.

Agents are set in an open environment that is unknown to them,
starting in a nest zone. Simulations are run for approximately five
thousand (5000) time-steps to allow for thorough exploration and
agent interactions.

Agents are tasked with picking up items as they traverse the
map. Each agent is randomly assigned a number of items to pick
up, with items scattered throughout the map, whose locations are
unknown to the agents until they are close enough to see them.

Figure 1: Visual of the simulation as agents are starting to
explore. The yellow objects at the bottom are lights that
indicate the drop zone, which is the dark area with the lights.

Figure 2: Visual of the simulation exploring the environment,
interacting, and picking up items.

As such, agents do not have a defined path planning algorithm set.
Instead, they explore the map and employ collision avoidance to
avoid other agents or objects, including any obstacles and walls
that may be in the environment.

As items are identified and discovered during the exploration,
the discovering agent will pivot in the appropriate direction in
response and move to pick them up. After reaching its assigned
number to retrieve, it returns to the drop-zone area to deposit the
carried items. In the event an agent is navigating but has not found
an item in a long time, it will stop and select a random direction
within 90 degrees of its current position, with the goal of finding
an item.

Each agent is also arbitrarily added to a group so that all groups
are as evenly distributed as possible. Each group is assigned a
different color, which each agent displays outwardly in order to
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distinguish from other groups. As agents progress, they are calculat-
ing trust of both the agents and the groups they have encountered.
Agents can communicate with other agents of the same group and
are allowed to change groups if they deem it necessary. However,
overall group-based and group-influenced interactions and deci-
sions are initially limited and are included as the foundation for
future work.

Unlike the approach in [2], only the policing agent has a des-
ignated role. The agents performing the search and item retrieval
are not assigned a particular role at any point in time, as they are
exploring and picking up items. Their goal is to collect as many
items as possible, calculating the trust in other agents and groups
they interact with.

During their exploration around the environment, it is inevitable
that agents will eventually encounter one another. As they get
close enough to interact, they will be making decisions on how to
interact, communicate, and behave, while balancing the rules of
the arena and their own individual incentives.

Agents can only interact when outside of the nest zone. This
area is considered a neutral zone for agents to safely deposit their
items. While in this area, agents do not actively engage but only
work to avoid each other via collision avoidance.

The interactions between two agents are tracked by each agent.
The resulting outcome is captured as either positive or negative,
depending on whether the agent was harmed or wronged in some
way, if it was a helpful experience, or if it was a neutral outcome.
Because agents are being tracked and tallied, each of these interac-
tions will have trust implications, as they either build or degrade
trust between agents.

4.2 Types of Actions
There are broadly two types of decisions or actions considered –
positive and negative. These can be defined accordingly, given the
desired behavior of the system or environment. Here, positive ac-
tions are considered those taken that do no harm to the encountered
agent or group, while negative actions are those that do harm in
some way.

More specifically, positive actions are not stealing an item from
another agent, not intercepting an item that an agent is pursuing
first, communicating an item location truthfully, not retaliating
when harmed in some way, and reporting to the policing agent
when harm is perceived.

Conversely, negative actions include stealing an item from an-
other agent, intercepting the item the other agent is pursuing first,
lying about an item location, keeping an item location secret from
the other agents, and retaliating when harmed by stealing an item
from the other agent.

The decisions made by the agents are backed by an LLM. The
LLMs used in this paper are: Meta’s Llama 3.1 8b Instruct model [19],
LiquidAI’s LFM2.5 1.2b model [17], Google’s Gemma3 4b model
[22], and IBM’s Granite 4.0 H Tiny model [10]. The models are
generally lightweight enough to be run locally via an API call to
LM Studio [23]. To account for the lack of historical context in this
approach, a decision-prompt is defined that provides the simulation
context to the LLM.

To make the agent LLM decision outputs actionable within the
simulation, LLMs are given a set of choices they can make that can
be programmatically interpreted. The choices coincide with the
decisions and related actions, such as steal, ignore, pause, reduce-
count, and retaliate. This is to standardize the output across multiple
LLMs and make their decisions clearly understandable before they
expound on their reasoning. Doing so enables testing LLMs in the
simulation across scenarios programmatically without the need to
make large modifications.

4.3 Scenarios
A number of scenarios have been created to analyze how these LLM-
based agents behave with various components active or defined. See
1 for a description of each scenario and which aspects are included.

Scenario Description
1. No rules defined, No
consequences defined,
No policing agent

Free-for-all environment where agents
have ability to choose actions without
repercussion.

2. No rules defined, No
consequences defined,
Active policing agent

No rules or consequences; agents alone
to determine best action; policing agent is
active so agents can report wrongdoing.

3. Rules defined, No
consequences defined,
No policing agent

Active rules provide structure to how
agents should behave; no consequences
or policing agent to enforce penalties.

4. Rules defined, No
consequences defined,
Active policing agent

Active rules so agents are aware of ap-
propriate behavior; no consequences for
violating rules; active policing agent to
take actions.

5. Rules defined, Con-
sequences defined, Ac-
tive policing agent

Full structure of rules, consequences for
violations, and active policing to enforce
penalties.

Table 1: Description of the scenarios.

Each of the LLMs is put through a scenario, one LLM at a time.
Different LLMs do not run in the same simulation. Each agent
individually calls the LLM via API when they encounter a situation
that requires a decision. The agent LLMs are provided with several
pieces of information so the agent can make an informed decision.
These include howmany items they are carrying at the moment, the
trust of the agent and group involved in the situation, the currently
active rules, any possible consequences, and how many times they
have been penalized to that point. This enables trust-aware decision-
making for the agent [26].

A general minimum trust threshold is defined to provide clearer
guidelines to the LLM on whether the entity is trusted or not. This
threshold is adjustable to allow for experimenting with various
limits and their impact. The threshold is initially set to 0.6.

The rules defined for the agents are intended to drive trustworthy,
non-adversarial behavior between entities and, therefore, higher
trust scores. Rules are provided in natural language with clear and
simple directives, such as “The agent should first pick up items to
reach their assigned amount of items before communicating any
item location,” or “The agent should not steal an item being carried
by another agent.” Rules are not overly verbose and do not include
overly complex or differing instructions in them.
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5 PRELIMINARY RESULTS
The simulations performed indicate that defining rules and conse-
quences and having a policing agent to enforce penalties on rule
violations have a positive impact on trustworthy behavior (Figure
3). While these additions did not fully eliminate negative types of
actions that can damage trust, the overall ratio of trust-positive
interactions greatly increased in scenarios with rules defined.

The total number of interactions performed in each scenario
may differ across each compared to the other scenarios, but this can
be attributed to a few things: the random assignment of required
items to pick up is lower and reduces the opportunity for agent
interactions, choosing to disengage from the situation with the
other agent, or simply not communicating an item location with
others.
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Figure 3: Average number of positive and negative actions
taken by agents per scenario.

The positive interactions generally increased in frequency when
there were rules defined and available, including when having
consequences defined and the policing agent active. The negative
interactions were never fully removed from any scenario, but they
were reduced relative to positive interactions.

Comparing each of the scenarios 2 through 5 against scenario
1, the scenarios of 3, 4, and 5, showed marked improvements in
trusted behavior. Positive interaction occurrences increased while
negative interactions continued downward. The related trust scores
for the scenarios do reflect a positive assessment of agent trust as
rules are defined, with negligible differences between the scenarios
3 through 5 where the rules are defined.

5.1 Scenario 1
Scenario 1 can be considered a sort of “free for all” for the MAS –
there are no rules defined or provided, there are no consequences
outlined, and there is no policing agent active that agents can report
to in the event of harm or being wronged. This creates the baseline
for how these LLMs behave and act when left without structure
and rules to guide them in their interactions (Figure 4).

Agents, for the most part, were choosing negative actions in their
decision-making. There are some positive actions taken among the
group, but negative actions were commonplace across the agents
for the majority of the LLMs. The exception is IBM’s Granite 4.0
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Figure 4: Actions taken by agents in scenario 1 by LLM.

model [10]. With this model at the base scenario, agents more often
chose a positive action than not.

The remaining scenarios can be evaluated against this baseline
to determine how well rules, consequences, and policing (or some
variation of them) influenced agent behavior and decision-making.

5.2 Scenario 2
Rules and consequences remain undefined while a policing agent
is introduced. This will help to better understand the influence of
each these features by themselves as well as when they are active
together.

The results in this scenario (Fig. 5) have more positive actions
taken, but the ratio of action types still skews towards the negative.
Without rules defined to provide a structure of expected behavior,
many agents still frequently chose negative actions. This is likely
because agents, even though they knew the policing agent was
there, did not heavily take into account repercussions or penalties
because there were no rules defined that would be broken if a
specific action was taken. The policing agent by itself was not
sufficient to broadly encourage positive interactions and general
trusted behavior.
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Figure 5: Actions taken by agents in scenario 2 by LLM.
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5.3 Scenario 3
In this scenario, rules are initially introduced without any conse-
quences defined or a policing agent available to handle violations.
This is to start providing more structure to the “free for all” of
scenario 1 and that of scenario 2.

Right away it can be seen in Figure 6 that most of the models saw
an increase in agent positive interactions, a couple of them more
obvious than others. The one exception to that is LiquidAI’s LFM2.5
model [17]. The ratio of positive-to-negative actions actually shifted
dramatically to more negative occurrences than positive. This could
be due these agents not worrying about repercussions due to a lack
of consequences defined or an agent to enforce the rules.

Outside of the one model, there are encouraging signs that defin-
ing rules encourages more trustworthy behavior.
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Figure 6: Actions taken by agents in scenario 3 by LLM.

5.4 Scenario 4
In this scenario, rules and the policing agent are defined and active.
This will allow us to see how well these features encourage positive
interactions together.

In Figure 7, it is clear that both of these features, when paired to-
gether, continue to drive an increase in positive actions taken. This
is likely because agents begin to understand acceptable behaviors
and actions when making their decisions, though not necessarily
what exactly the penalty is, if any, for breaking those rules. The gap
between negative and positive closes significantly or shifts towards
the positive. Negative actions still overall outweigh those of the
positive, though encouraging signals and improvement from the
scenario 1 baseline.

5.5 Scenario 5
In the final scenario, consequences are defined and added together
with rules and an active policing agent. The idea in this scenario is
to provide a more complete framework for agents to understand
the potential penalty for violating the established rules so they can
weigh how best to move forward.

Figure 8 shows the effectiveness of this framework. Negative
actions are not completely eliminated, but it is clear how influential
having rules defined with consequences and an active policing
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Figure 7: Actions taken by agents in scenario 4 by LLM.

agent is to agent interaction in a MAS. The positive interactions
outweigh the negative interactions and continue the trend seen in
each scenario, building to this.
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Figure 8: Actions taken by agents in scenario 5 by LLM.

5.6 Analysis
Small variations in performance and output across LLMs are to be
expected. Each model is generally trained on specific, even pro-
prietary, data available to the model owner or creator. The model
could be fine-tuned for more targeted or unique tasks.

Across the scenarios, each LLM had variations in how influential
rules, consequences, and the policing agent were to its decision-
making, with some more heavily influenced one way or the other.
The trend was clear though: the individual components and the
framework as a whole encouragedmore positive and trusted actions
among the agents on the whole.

Trust is a critical component to any MAS, but it can be difficult
for a human to know exactly how an agent is expected to behave
in a given situation or completely trust an intelligent machine or
MAS [3]. Natural language rules, clear consequences for violat-
ing those rules, and a policing agent to enforce penalties would
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provide a method for human actors to have more trust in the per-
formance of the autonomous agents in the MAS, as well as have a
straightforward way to update the parameters of the environment.

6 CONCLUSIONS AND FUTUREWORK
We have proposed two novel methods to encourage trust between
agents and evaluated them in a multi-agent environment, where
agents are assigned a number of objects they have to find in an
unknown environment and bring it back to the drop zone. The
agents are given rules to follow that are specified in a LLM. A
policing agent enforces the rules and penalizes agents that do not
follow the rules. We tested our approach in simulated scenarios,
that range from not having any rule to follow to having the policing
agent penalizing agents that do not follow the rules. The results
show a trend, where enforcing the rules decreases the negative
actions.

Further work revolves around trust between agents and how to
encourage trustworthy behavior. One such area is enhancing the
agents beyond LLM-only to agentic agents. Because these agents
are LLM-based without proper connectivity to various systems in
the simulation, they are not fully autonomous agents as they are
not equipped to take direct action or act as the orchestrator, such
as in [25]. Agentic agents will be explored to potentially replace or
enhance the LLM-only agents. This will provide even more thor-
ough and complete experimentation about how natural language
rules and policing agents affect the trust within a MAS.

Other areas of focus include group-based rules and interactions,
cooperation versus competitive interactions, agent deception and
group infiltration, group voting to remove distrusted agents, dif-
ferent item types located throughout the map, static and dynamic
environment objects, and physical policing agents in the arena to
monitor and identify negative actions without needing an agent to
report it.
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